Abstract: Landslides can be triggered by intense or prolonged rainfall. Rain gauge measurements are commonly used to predict landslides even if satellite rainfall estimates are available. Recent research focuses on the comparison of satellite estimates and gauge measurements. The rain gauge data from the Italian network (collected in the system database "Verifica Rischio Frana", VRF) are compared with the National Aeronautics and Space Administration (NASA) Tropical Rainfall Measuring Mission (TRMM) products. For the purpose, we couple point gauge and satellite rainfall estimates at individual grid cells, evaluating the correlation between gauge and satellite data in different morpho-climatological conditions. We then analyze the statistical distributions of both rainfall data types and the rainfall events derived from them. Results show that satellite data underestimates ground data, with the largest differences in mountainous areas. Power-law models, are more appropriate to correlate gauge and satellite data. The gauge and satellite-based products exhibit different statistical distributions and the rainfall events derived from them differ. In conclusion, satellite rainfall cannot be directly compared with ground data, requiring local investigation to account for specific morpho-climatological settings. Results suggest that satellite data can be used for forecasting landslides, only performing a local scaling between satellite and ground data.
Introduction
Rainfall-induced landslides are widespread phenomena that cause casualties and extensive damages every year. In Italy, rainfall is the primary trigger of landslides, which have caused more than 6300 casualties in the period from 1950 to 2013 [1, 2] . Forecasting the occurrence of the rainfall-induced landslide is challenging due to the nature of these hazards and the information required to assess the triggering phenomena. Rainfall-induced landslides predominately occur within steep topography where intense or prolonged rainfall increases pore water pressures and decreases soil cohesion in the subsurface, causing the driving forces to overcome resisting forces on a hill slope and activate a landslide [3] . Approaches to analyze rainfall-induced landslide triggering include: (i) empirical approaches focus on the determination of rainfall thresholds [4] [5] [6] [7] ; and (ii) deterministic approaches use a physically-based modelling schema that generally couples an infiltration model to an instability model to estimate slope stability/instability conditions [8] [9] [10] . The deterministic approach is applied Table 1 ) derived from [44, 45] ; (c) Mean annual rainfall map [46] [47] [48] ; (d) Morphological subdivision of the Italian territory (see details in Table 2 ) derived by Guzzetti and Reichenbach [49] . Table 1 ) derived from [44, 45] ; (c) Mean annual rainfall map [46] [47] [48] ; (d) Morphological subdivision of the Italian territory (see details in Table 2 ) derived by Guzzetti and Reichenbach [49] . Based on the Köppen-Geiger climate classification system [50] [51] [52] , the Italian peninsula has a Mediterranean subtropical, dry summer climate. The climate variability is significant among the different regions within Italy, mainly depending on the distance to the sea and the European continent, but also due to the orographic structure and the large latitude extent. The different climates characterizing the Italian territory (Figure 1b) have been identified by Pinna and Vittorini [44, 45] and they are summarized in Table 1 . Table 1 . Climates among the different regions within Italy territory (Figure 1b ) identified by Pinna [44] following the Köppen-Geiger climate classification system [52] .
Climate Variability

Köppen-Geiger Class
Class Description Italian Regions There are considerable temperature differences from north to south during the winter, with less extreme gradients during the summer. Differences in the mean annual precipitation [46] can be extreme ( Figure 1c ). The highest peaks (>2000 mm per year) were observed in the Carnic Alps, in the Apuane Alps, and in the Northern Apennines. Low mean annual precipitation (<500 mm per year) values were observed in the SE (Puglia) and in the SW (Sardinia, Sicily) parts of Italy. Different types of precipitation characterize the territory. Convective precipitation, generally short duration and intense rainfall, is observed generally in the summer and in the autumn period but can occur in other seasons as well [53] . Stratiform precipitation, characterized by less intense and longer duration precipitation, is caused by frontal systems that frequently occur throughout the year. In mountainous regions, orography can play a substantial role in modulating characteristic precipitation patterns in the area.
CS
Morphological Subdivision
In most of the territories in Italy, climatic variability can be strongly influenced by morphology. For this reason, the study considers the distributions and correlations of VRF and satellite rainfall estimates for the dominant morphological (and climatological) conditions across the Italian territories. We used the morphological subdivision of Italy proposed by Guzzetti and Reichenbach [49] . The subdivision classifies the Italian territory into 8 major topographic provinces and 30 minor sections, starting from a coarse resolution, 230 m × 230 m DEM (Figure 1a ). We heuristically aggregated the 30 minor subdivisions (sections) into ten macro-subdivisions, considering latitude and aspect to reflect different morphologic and climatologic conditions in Italy. Figure 1d shows a map of the morpho-climatological subdivisions, and Table 2 summarizes values for the morphological parameters in each subdivision. 
Rainfall Data
For our analyses, we used rainfall data for one hydrological year from 1 September to 31 August. The rainfall data included: (i) rainfall measurements captured by a national network of 1950 rain gauges in Italy; and (ii) satellite rainfall estimates over Italy obtained for several TMPA products. Different types of rain gauges were present in the network, each with different temporal samplings and accuracies of the rainfall measurements. The temporal sampling varied from 1 to 60 min, with the majority of the measurements taken every 30 min (semi-hourly sampling). The accuracy of the rain gauges was between 0.2 and 1.0 mm. Gaps, errors, and measurement discontinuities were present in the time series, and a specific procedure was used to evaluate the quality of the rainfall records. The procedure evaluated the reliability of the rain gauges by comparing the Cumulated Annual Precipitation (CAP) for each the rain gauge in the examined period with a reference Mean Annual Precipitation (MAP) measured in the same general area. The reference values of MAP were derived from the historical rainfall information in the period 1961-1990 available from the archive of Global Historical Climatology Network-Monthly managed by the National Climatic Data Center or NOAA [55, 56] . The set of criteria used to estimate the reliability of the rain gauges is listed in Table  3 . The evaluation of rain gauge reliability indicated that 1488 rain gauges (76%) in the network worked properly in the evaluated period. Different types of rain gauges were present in the network, each with different temporal samplings and accuracies of the rainfall measurements. The temporal sampling varied from 1 to 60 min, with the majority of the measurements taken every 30 min (semi-hourly sampling). The accuracy of the rain gauges was between 0.2 and 1.0 mm. Gaps, errors, and measurement discontinuities were present in the time series, and a specific procedure was used to evaluate the quality of the rainfall records. The procedure evaluated the reliability of the rain gauges by comparing the Cumulated Annual Precipitation (CAP) for each the rain gauge in the examined period with a reference Mean Annual Precipitation (MAP) measured in the same general area. The reference values of MAP were derived from the historical rainfall information in the period 1961-1990 available from the archive of Global Historical Climatology Network-Monthly managed by the National Climatic Data Center or NOAA [55, 56] . The set of criteria used to estimate the reliability of the rain gauges is listed in Table 3 . The evaluation of rain gauge reliability indicated that 1488 rain gauges (76%) in the network worked properly in the evaluated period. The satellite rainfall estimates were obtained from the Tropical Rainfall Measuring Mission (TRMM) Multi-satellite Precipitation Analysis (TMPA) [18, 41] . Four TRMM products were considered for the analysis (Table 4) , including: (i) Version 6 re-analysis product (TMPA-V6); (ii) Version 6 Real-Time (RT) product (TMPA-V6-RT); (iii) Version 7 re-analysis product (TMPA-V7); and (iv) Version 7 Real-Time product (TMPA-V7-RT). Table 4 . Types and sources of the TMPA products used in this study.
Code
Product Version Source Reference
TMPA-V6
Re-analysis product TMPA 3B42 6 http://trmm.gsfc.nasa.gov/3b42.html [18] TMPA-RT-V6 Real-time product TMPA 3B42RT 6 ftp://trmmopen.gsfc.nasa.gov/pub/ merged/V6Documents/3B4XRT_doc.pdf [18] TMPA-V7 Re-analysis product TMPA 3B42 7 http://disc.sci.gsfc.nasa.gov/gesNews/ trmm_v7_multisat_precip [41] TMPA-V7-RT Real-time product TMPA 3B42RT 7 ftp://trmmopen.gsfc.nasa.gov/pub/ merged/V6Documents/3B4XRT_doc.pdf [41] TMPA rainfall data were considered because they provide a continuous rainfall product from 50 • N to 50 • S (i.e., covering the entire Italian peninsula study area ranging from 35 • N to 48 • N) at 0.25 • × 0.25 • latitude-longitude resolution every 3 h [18, 41] . The TMPA methodology merges high-quality microwave and infrared precipitation estimates after calibration to the combined TRMM Precipitation Radar (PR)-TRMM Microwave Imager (TMI) precipitation product from the TRMM satellite, and factors in monthly precipitation gauge analyses to create the 3-hourly product. Precipitation fields are reported as precipitation rate effective at the nominal observation time. The TMPA RT products are near real-time precipitation estimates produced in four stages: (i) passive microwave (PMW) precipitation estimates are calibrated and combined; (ii) infrared (IR) precipitation estimates are created using the calibrated microwave precipitation; (iii) PMW and IR estimates are combined; and (iv) rain station gauge (SG) data are incorporated. From hereafter T will denote satellite rainfall estimates.
In 2012, an upgraded Version 7 set of TMPA reanalysis and near real-time products were released to improve upon some issues identified in the Version 6 algorithms. The TMPA data was then reprocessed back to the launch of the TRMM, with TRMM-V6-RT which was replaced by TRMM-V7-RT available from March 2000 to the present, and TRMM-V6 which was replaced by TRMM-V7 available since January 1998. In this analysis, all four products are evaluated to determine the relative differences of these products relative to the available gauge network. As a secondary focus, this inter-comparison can help to provide a bridge from previous Version 6 studies to the currently-available Version 7 data.
Analysis of Cumulated Rainfall
The four TMPA 0.25 • × 0.25 • regular grid cells, were linked spatially to the location of the geographical centre of each grid cell (centroid). Figure 2b shows the location of the 638 TMPA cell centroids extracted over Italy. We first performed a comparative analysis of the cumulated rainfall measured by the individual rain gauges and estimated by the four satellite products. The cumulated rainfall was analyzed in place of peak rainfall intensity because is one of the most significant parameters in analyzing the triggering of different type of hydrological/hydrogeological processes. A minimum distance criterion was used to link each TMPA cell centroid to one or more rain gauges (see Appendix A). Figure 3 shows the result of this procedure obtained for the Umbria region, in Central Italy.
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The four TMPA 0.25° × 0.25° regular grid cells, were linked spatially to the location of the geographical centre of each grid cell (centroid). Figure 2b shows the location of the 638 TMPA cell centroids extracted over Italy. We first performed a comparative analysis of the cumulated rainfall measured by the individual rain gauges and estimated by the four satellite products. The cumulated rainfall was analyzed in place of peak rainfall intensity because is one of the most significant parameters in analyzing the triggering of different type of hydrological/hydrogeological processes. A minimum distance criterion was used to link each TMPA cell centroid to one or more rain gauges (see Appendix A). Figure 3 shows the result of this procedure obtained for the Umbria region, in Central Italy. We computed the cumulated amount of rainfall measured at the individual rain gauges and estimated at the individual cell centroids for different rainfall durations (3, 12, 24, 48 , and 72-h periods). For the comparison, the hourly rain gauge data were cumulated in the same periods used for the aggregation of the satellite data. In such a way, it was possible to compare rainfall measures and estimates referred to the same temporal windows. A procedure excluded from the calculation VRF-TMPA pairs that could not be compared, due (i) to the presence of missing data, gaps, and errors in the rainfall records; (ii) to the incomparable temporal resolutions of the VRF and the TMPA records.
Correlation Analysis
To analyse the correlation between the cumulated rainfall in a period measured by the rain gauges (R) and estimated by the satellite products (T), we adopted linear (Equation (1)) and powerlaw (Equation (2)) regression models.
In the equations, a is the coefficient for the linear model, b is the exponent of the power-law model, and R and T are the cumulated rainfall measured by the rain gauges and estimated by the satellite products for different rainfall durations. For simplicity, here we show only the results obtained for the 72-h accumulation period, also because similar results were obtained for other accumulation periods. Once the cumulated rainfall values were obtained for each VRF-TMPA pair, we aggregated the pairs for the morpho-climatic domains illustrated in Figure 1d , and listed in Table  2 . Using a peak over threshold (POT) approach [57] , we filtered the rainfall series taking values above specific thresholds i.e., 0, 2, 4, 6, 8, 10, 12, 14, 16, 18 and 20 mm. For each threshold, we estimated the We computed the cumulated amount of rainfall measured at the individual rain gauges and estimated at the individual cell centroids for different rainfall durations (3, 12, 24, 48 , and 72-h periods). For the comparison, the hourly rain gauge data were cumulated in the same periods used for the aggregation of the satellite data. In such a way, it was possible to compare rainfall measures and estimates referred to the same temporal windows. A procedure excluded from the calculation VRF-TMPA pairs that could not be compared, due (i) to the presence of missing data, gaps, and errors in the rainfall records; (ii) to the incomparable temporal resolutions of the VRF and the TMPA records.
To analyse the correlation between the cumulated rainfall in a period measured by the rain gauges (R) and estimated by the satellite products (T), we adopted linear (Equation (1)) and power-law (Equation (2)) regression models.
In the equations, a is the coefficient for the linear model, b is the exponent of the power-law model, and R and T are the cumulated rainfall measured by the rain gauges and estimated by the satellite products for different rainfall durations. For simplicity, here we show only the results obtained for the 72-h accumulation period, also because similar results were obtained for other accumulation periods. Once the cumulated rainfall values were obtained for each VRF-TMPA pair, we aggregated the pairs for the morpho-climatic domains illustrated in Figure 1d , and listed in Table 2 . Using a peak over threshold (POT) approach [57] , we filtered the rainfall series taking values above specific thresholds i.e., 0, 2, 4, 6, 8, 10, 12, 14, 16, 18 and 20 mm. For each threshold, we estimated the linear (a) and the power-law (b) fitting parameters, their determination coefficients (R 2 , measuring the goodness of fit), and the confidence and prediction intervals. The analysis was performed for the whole of Italy and for the individual morpho-climatic subdivisions, using the four different TMPA products. Figure 4 shows an example of the results for the TMPA-V6 product in the Alps (Table 2 and Figure 1 ), using a minimum threshold of cumulated rainfall of 16 mm.
Climate 2017, 5,90 9 of 30 linear (a) and the power-law (b) fitting parameters, their determination coefficients (R 2 , measuring the goodness of fit), and the confidence and prediction intervals. The analysis was performed for the whole of Italy and for the individual morpho-climatic subdivisions, using the four different TMPA products. Figure 4 shows an example of the results for the TMPA-V6 product in the Alps (Table 2 and Figure 1 ), using a minimum threshold of cumulated rainfall of 16 mm. Table 2 and Figure 1 ) filtered using a rainfall threshold of 16 mm. Solid black lines is the best fitting, dotted red and dot-dashed blue lines are the confidence and the prediction intervals respectively.
Figures 5-8 show the variation of the linear and the power-law determination coefficients obtained in the different morpho-climatic subdivisions, using different thresholds for the four TRMM products (TMPA-V6, TMPA-V6-RT, TMPA-V7 and TMPA-V7-RT). linear (a) and the power-law (b) fitting parameters, their determination coefficients (R 2 , measuring the goodness of fit), and the confidence and prediction intervals. The analysis was performed for the whole of Italy and for the individual morpho-climatic subdivisions, using the four different TMPA products. Figure 4 shows an example of the results for the TMPA-V6 product in the Alps (Table 2 and Figure 1 ), using a minimum threshold of cumulated rainfall of 16 mm. Table 2 and Figure 1 ) filtered using a rainfall threshold of 16 mm. Solid black lines is the best fitting, dotted red and dot-dashed blue lines are the confidence and the prediction intervals respectively.
Figures 5-8 show the variation of the linear and the power-law determination coefficients obtained in the different morpho-climatic subdivisions, using different thresholds for the four TRMM products (TMPA-V6, TMPA-V6-RT, TMPA-V7 and TMPA-V7-RT). Table 2 and Figure 1 ).
Statistical Distribution Estimation
The distributions of the satellite and the rain gauge cumulated rainfall are heavy-tailed. To evaluate the distributions, we used the Histogram Density Estimation (HDE) method [58] to estimate the frequency of the logarithm of the cumulated rainfall for the rainfall measurements and the satellite estimates. Using a Kernel Density Estimation (KDE) method [59] , and adopting a Gaussian kernel, we then calculated the kernel densities of the logarithm of the rainfall series, and we compared the kernel densities with the densities obtained using the histogram estimation method. Figure 10 shows the results of the comparison for the rainfall measurements and the satellite estimates (TMPA-V6, TMPA-V6-RT, TMPA-V7, TMPA-V7-RT), for Italy and for the single morpho-climatic subdivisions.
To quantify the comparison, we applied the bootstrapped [60] Kolmogorov-Smirnov test [61, 62] using the "greater" hypothesis [63] to compare the VRF data and the four TMPA estimates. Given this comparison order, and using the test "greater" hypothesis, the test p-values close to 0 corresponds to values of the test statistic D+ greater than 0, indicating that the cumulated distribution function (CDF) of the VRF data lies above (or to the left) of the CDF of the TMPA estimates. This indicates that the distribution of the TMPA estimates is statistically "greater" than the distribution of the VRF data. To simplify the quantile values of VRF data are lower than those calculated for the satellite estimates series. If instead the p-values are close to 1, the test statistic D+ is close to 0 indicating that the CDF of VRF data lies below (or to the right) of the CDF of the satellite rainfall estimates, and hence that the distribution of VRF data is not statistically "greater" than the distribution for the rainfall estimates. Table 5 summarizes the results of the test for the four TMPA products for Italy and for each morpho-climatic subdivision.
Using a bootstrap procedure, we estimated the error associated with the exponential model. We sampled the original rainfall series 100 times (bootstrap resampling), and estimated the exponential model parameters (rate), and the associated modelled probabilities, for each sample. We then calculated the mean (μ) and the standard deviation (σ) of the modelled probabilities, assigning μ ± σ error bars. To measure the goodness of fit for each model, we first generated the exponential distribution of the rainfall series using the estimated parameters, and we prepared quantile-quantile (QQ) plots [64] (insets in Figures 11-15 ) comparing the raw and the exponential modelled data. In the plots, quantile curves close to the bisecting line indicate that the raw and the modelled data are comparable, and hence that the exponential distribution is appropriate to describe the rainfall series. We then performed a bootstrapped [60] version of the "two-sided" Kolmogorov-Smirnov test [61] [62] [63] to quantify the distance between the empirical distribution function and the exponential distribution function (used as reference) of the rainfall measurements (VRF) and satellite estimates (TMPA-V6, TMPA-V6-RT, TMPA-V7, TMPA-V7-RT). In this specific "two-sided" test formulation, p-values ≅ 1 (for D ≅ 0) indicate that the reference distribution (i.e., the exponential distribution) is appropriate to describe the rainfall series. The estimated exponential parameters (rate), and the KolmogorovSmirnov test statistics (D and p-value) calculated for Italy and for the morpho-climatic subdivisions are shown in Figures 11-15 , and summarized in Table 6 . Table 2 and Figure 1 ).
The distributions of the satellite and the rain gauge cumulated rainfall are heavy-tailed. To evaluate the distributions, we used the Histogram Density Estimation (HDE) method [58] to estimate the frequency of the logarithm of the cumulated rainfall for the rainfall measurements and the satellite estimates. Using a Kernel Density Estimation (KDE) method [59] , and adopting a Gaussian kernel, we then calculated the kernel densities of the logarithm of the rainfall series, and we compared the kernel densities with the densities obtained using the histogram estimation method. Figure 10 shows the results of the comparison for the rainfall measurements and the satellite estimates (TMPA-V6, TMPA-V6-RT, TMPA-V7, TMPA-V7-RT), for Italy and for the single morpho-climatic subdivisions. Comparison of the probability density (see Table 5 for Kolmogorov-Smirnov test results) of the logarithm of 72-h cumulative rainfall estimated using HDE (points) and KDE (lines) method for VRF data and for the different satellite rainfall estimates (TMPA-V6, TMPA-V6-RT, TMPA-V7, TMPA-V7-RT) thresholds in the entire Italian territory and in the different morphological subdivisions (see Table 2 and Figure 1 ). Table 2 and Figure 2 ). Given this comparison order and using the test greater hypothesis, p-values ≅ 0 (for D+ >> 0) indicate that the CDF of VRF data lies above (or to the left) of the CDF of the satellite estimates, and hence the satellite rainfall estimates distribution is statistically greater than that characterizing Figure 10 . Comparison of the probability density (see Table 5 for Kolmogorov-Smirnov test results) of the logarithm of 72-h cumulative rainfall estimated using HDE (points) and KDE (lines) method for VRF data and for the different satellite rainfall estimates (TMPA-V6, TMPA-V6-RT, TMPA-V7, TMPA-V7-RT) thresholds in the entire Italian territory and in the different morphological subdivisions (see Table 2 and Figure 1 ). Table 2 and Figure 2 ). Given this comparison order and using the test greater hypothesis, p-values ∼ = 0 (for D+ >> 0) indicate that the CDF of VRF data lies above (or to the left) of the CDF of the satellite estimates, and hence the satellite rainfall estimates distribution is statistically greater than that characterizing the VRF data (see Figure 10 ). 
Region
To quantify the comparison, we applied the bootstrapped [60] Kolmogorov-Smirnov test [61,62] using the "greater" hypothesis [63] to compare the VRF data and the four TMPA estimates. Given this comparison order, and using the test "greater" hypothesis, the test p-values close to 0 corresponds to values of the test statistic D+ greater than 0, indicating that the cumulated distribution function (CDF) of the VRF data lies above (or to the left) of the CDF of the TMPA estimates. This indicates that the distribution of the TMPA estimates is statistically "greater" than the distribution of the VRF data. To simplify the quantile values of VRF data are lower than those calculated for the satellite estimates series. If instead the p-values are close to 1, the test statistic D+ is close to 0 indicating that the CDF of VRF data lies below (or to the right) of the CDF of the satellite rainfall estimates, and hence that the distribution of VRF data is not statistically "greater" than the distribution for the rainfall estimates. Table 5 summarizes the results of the test for the four TMPA products for Italy and for each morpho-climatic subdivision.
Using a bootstrap procedure, we estimated the error associated with the exponential model. We sampled the original rainfall series 100 times (bootstrap resampling), and estimated the exponential model parameters (rate), and the associated modelled probabilities, for each sample. We then calculated the mean (µ) and the standard deviation (σ) of the modelled probabilities, assigning µ ± σ error bars. To measure the goodness of fit for each model, we first generated the exponential distribution of the rainfall series using the estimated parameters, and we prepared quantile-quantile (QQ) plots [64] (insets in Figures 11-15 ) comparing the raw and the exponential modelled data. In the plots, quantile curves close to the bisecting line indicate that the raw and the modelled data are comparable, and hence that the exponential distribution is appropriate to describe the rainfall series. We then performed a bootstrapped [60] version of the "two-sided" Kolmogorov-Smirnov test [61] [62] [63] to quantify the distance between the empirical distribution function and the exponential distribution function (used as reference) of the rainfall measurements (VRF) and satellite estimates (TMPA-V6, TMPA-V6-RT, TMPA-V7, TMPA-V7-RT). In this specific "two-sided" test formulation, p-values ∼ = 1 (for D ∼ = 0) indicate that the reference distribution (i.e., the exponential distribution) is appropriate to describe the rainfall series. The estimated exponential parameters (rate), and the Kolmogorov-Smirnov test statistics (D and p-value) calculated for Italy and for the morpho-climatic subdivisions are shown in Figures 11-15 , and summarized in Table 6 .
Finally, we assume an exponential distribution to model cumulative rainfall data and we applied the Maximum Likelihood Estimation (MLE) method [65] [66] [67] to estimate the exponential rate parameter (Figures 11-15 ). Table 6 ). Table 6 ). Table 6 ). Table 6 ). Table 6 ). Table 6 ). Table 6 ). Table 6 ). Table 6 ). Table 6 ). 
Analysis of Rainfall Events
The analysis of the rainfall-induced landslide triggering condition is often performed identifying the specific rainfall event causing the instability phenomena. This is done determining the beginning, end, and cumulative rainfall of events that triggered landslides. The analysis of rainfall events derived from different data series could be meaningful to prove the ability of different rainfall product to highlight the real triggering mechanism of the instability phenomena.
To avoid the intrinsic subjectivity in the definition of the rainfall events [12, 17, 68] we adopted the automatic procedure proposed by Rossi et al. [69] .
Identification of Rainfall Events
The proposed procedure is applied to the original rainfall record and singles out the characteristic rainfall events, where a rainfall event is defined as the cumulative amount of rainfall occurring during a period in hours where the rainfall values are continuous. To separate rainfall events, the procedure considers a minimum separation period (in hours) with accumulated rainfall (in mm) below a given threshold ( Figure 16 ). The analysis of the rainfall-induced landslide triggering condition is often performed identifying the specific rainfall event causing the instability phenomena. This is done determining the beginning, end, and cumulative rainfall of events that triggered landslides. The analysis of rainfall events derived from different data series could be meaningful to prove the ability of different rainfall product to highlight the real triggering mechanism of the instability phenomena.
The proposed procedure is applied to the original rainfall record and singles out the characteristic rainfall events, where a rainfall event is defined as the cumulative amount of rainfall occurring during a period in hours where the rainfall values are continuous. To separate rainfall events, the procedure considers a minimum separation period (in hours) with accumulated rainfall (in m Figure 16 . Events separation criteria implemented in the automatic procedure for the detection rainfall events. The procedure main parameters are the separation period (in hours) and the rainfall threshold values (in mm).
Two rainfall events are separated by a period of a given length without rainfall, or with rainfall below a given threshold. The separation period and the threshold values are user-defined parameters in the automatic procedure, and control the duration and the cumulative rainfall of the events detected by the procedure. For this study, we used a 72-h separation period (a period similar to the period used for manual detection of the events e.g., by [17] , and a minimum threshold of 0.2 mm of rainfall for the VRF data, and of 0 mm of rainfall for the satellite rainfall estimates. Preliminarily the procedure cleans the raw data series (removal of error codes and missing data), then using a moving window corresponding to the separation period, iteratively determines and identifies the start and the end times, and the duration and cumulated rainfall for each event (see Appendix A for details about the implementation).
We used the automatic procedure to detect rainfall events using the VRF data and the TMPA estimates (TMPA-V6, TMPA-V6-RT, TMPA-V7, and TMPA-V7-RT) in Italy.
Comparison of Rainfall Events
Rainfall events for VRF and TMPA data were calculated using the automated procedure. The cumulated total rainfall E, and the rainfall duration for the events were determined for all the events in Italy in the observation period. Results were plotted in a log-log plot (Figure 17a-e) . These were compared to the rainfall events associated with 753 known rainfall-induced landslides (Figure 17f ) obtained for the Italian territory through a thorough literature search, including international journals, conference proceedings, and event and technical reports describing single or multiple rainfall-induced landslides [6, 7] .
We then prepared boxplots, and Empirical Cumulative Distribution Function (ECDF) plots to describe the empirical distributions of the rainfall duration D, and the cumulated rainfall, for the rainfall events (marginal plots in Figure 17 ). We overlapped quantile grids, drawn from the marginal Two rainfall events are separated by a period of a given length without rainfall, or with rainfall below a given threshold. The separation period and the threshold values are user-defined parameters in the automatic procedure, and control the duration and the cumulative rainfall of the events detected by the procedure. For this study, we used a 72-h separation period (a period similar to the period used for manual detection of the events e.g., by [17] , and a minimum threshold of 0.2 mm of rainfall for the VRF data, and of 0 mm of rainfall for the satellite rainfall estimates. Preliminarily the procedure cleans the raw data series (removal of error codes and missing data), then using a moving window corresponding to the separation period, iteratively determines and identifies the start and the end times, and the duration and cumulated rainfall for each event (see Appendix A for details about the implementation).
boxplot values, to each bivariate ED plot (grids in Figure 17) , to highlight differences in the bivariate medians (a measure for the central tendency) and in the bivariate interquartile ranges, and notches ranges of the rainfall events (a measure for the statistical dispersion).
Finally, for each rain gauge and satellite centroid we calculated descriptive statistics of the events, including: (i) the mean of the cumulated rainfall of the events; (ii) the mean duration for the events; and (iii) the average number of events detected by the procedure for each rain gauge or TMPA grid cell centroid. Using an inverse distance weighting approach [68, 69] , we interpolated the values obtained for the VRF and TMPA data . The results are shown in Figure 18 . We then prepared boxplots, and Empirical Cumulative Distribution Function (ECDF) plots to describe the empirical distributions of the rainfall duration D, and the cumulated rainfall, for the rainfall events (marginal plots in Figure 17 ). We overlapped quantile grids, drawn from the marginal boxplot values, to each bivariate ED plot (grids in Figure 17 ), to highlight differences in the bivariate medians (a measure for the central tendency) and in the bivariate interquartile ranges, and notches ranges of the rainfall events (a measure for the statistical dispersion).
Finally, for each rain gauge and satellite centroid we calculated descriptive statistics of the events, including: (i) the mean of the cumulated rainfall of the events; (ii) the mean duration for the events; and (iii) the average number of events detected by the procedure for each rain gauge or TMPA grid cell centroid. Using an inverse distance weighting approach [68, 69] , we interpolated the values obtained for the VRF and TMPA data . The results are shown in Figure 18 . 
Discussion
In the following, for each performed analyses, we first describe the results of the comparison of the two different type of rainfall data (i.e., VRF vs. TMPA data) and then we discuss their impact on the analysis of the triggering of rainfall induced-landslide and on their possible use in empirical prediction models at the base of most of the landslide early warning systems.
We compared four TMPA satellite rainfall products against VRF rain gauge data in Italy to determine and quantify if, and to what extent, satellite rainfall estimates may be applied in landslide triggering rainfall thresholds Italy, or as inputs to hydrological models. Previous studies have indicated that rainfall intensity and duration (ID) thresholds should be classified by climatologic or morphologic zone for more accurate representation of the regional conditions initiating slope failures [7, 16] . We consider how the satellite and gauge rainfall data vary by aggregating and comparing data in different Italian morphological subdivisions derived from Guzzetti and Reichenbach [49] .
We analyze the correlation between cumulative VRF and TMPA data for a 72-h duration period (Section 2.3.1) using linear and power-law fitting models. We repeat the analysis for rainfall above different thresholds for unique morphologic and climatologic conditions. Figures 5-8 show how the R 2 squared estimated for both fitting models vary for different rainfall threshold values in the entire territory and in each morphological zones. In all cases, the determination coefficients estimated for the power-law model are higher than those calculated for the linear models. Overall, the power-law regression models provided the best fitting performance compared to the linear regression models Figure 18 . Maps of mean cumulative rainfall (1st row), mean rainfall event duration (2nd row), and mean number of events (3rd row) detected by the automatic procedure in the entire Italian territory in the period September 2009-August 2010 for the VRF data (a,f,k) and for the TMPA-V6 (b,g,l), TMPA-V6-RT (c,h,m), TMPA-V7 (d,i,n), TMPA-V7-RT (e,j,o) satellite rainfall estimates.
We analyze the correlation between cumulative VRF and TMPA data for a 72-h duration period (Section 2.3.1) using linear and power-law fitting models. We repeat the analysis for rainfall above different thresholds for unique morphologic and climatologic conditions. Figures 5-8 show how the R 2 squared estimated for both fitting models vary for different rainfall threshold values in the entire territory and in each morphological zones. In all cases, the determination coefficients estimated for the power-law model are higher than those calculated for the linear models. Overall, the power-law regression models provided the best fitting performance compared to the linear regression models but at the expense of larger prediction intervals (i.e., the estimate of the intervals in which future observations will fall; [70, 71] in particular for high rainfall values (see the example given in Figure 4a,b) . The coefficients for the power-law models exhibit an increasing trend, stabilizing quickly towards high values, but in general for threshold values from 5 (TMPA-V6 and TMPA-V6-RT) to 10 mm (TMPA-V7 and TMPA-V7-RT). The linear determination coefficients are more sensitive to the threshold values along their entire range with general increasing trends except for: APEL, POPL for TMPA-V6 (Figure 5e,h) , SARD for TMPA-V6-RT (Figure 6i) , SARD, TYRR for TMPA-V7 (Figure 7i,k) , and ALPS, APEL, POPL, SARD, SICI for TMPA-V7-RT (Figure 8c ,e,h-j). An increasing trend along the threshold values range means that the more extreme the rainfall considered, the higher the correlation between VRF and TMPA data. However, for a few cases (e.g., 12 mm for SICI for TMPA-V7-RT show in Figure 8j ), the higher correlation corresponds to specific threshold rainfall values. On average the lowest determination coefficient values and the largest differences between the linear and the power-law models are observed for the TMPA-V7 and TMPA-V7-RT products (Figures 7 and 8 ). These two satellite products also show a peculiar sudden increase of the linear determination coefficients towards high threshold values for APEU, LANG, SICI with TMPA-V7 (Figure 7f,g,j) , and APEC, APEL, APEU, LANG, SARD, TYRR with TMPA-V7-RT (Figure 8d -g,i,k), indicating a much better correlation for higher rainfall values.
Boxplots in Figure 9 describe the variation of parameters and of R 2 estimates for different rainfall thresholds in Italy and in each Italian morphological zones. For both fitting models (linear and power-law) the regression parameters change in different morphological zones, indicating a complex correlation between TMPA and VRF data. In general, results show that satellite data underestimates the ground data (as shown by the coefficient greater than 1 in Figure 9a ,e,i,m,c,g,k,o) particularly in high elevation areas such as the Alps (ALPS) and the northern Apennines (APEU), rather than in low altitude areas (SICI, ADRI, SARD). Results for some morphological subdivisions (POPL, APEC, LANG) are not consistent with this finding. This is probably due to the generalized aggregation procedure that does not directly consider some important territory characteristics such as relief orientation (aspect) and climatic differences (see Figure 1 ). The differences of the linear (Figure 9a ,e,i,m) and power-law coefficients (Figure 9c ,g,k,o) obtained for the four TRMM products also show that the range of the degree of underestimation is less pronounced for TMPA-V7-RT (Figure 9m,o) , followed by TMPA-V7 (Figure 9i,k) , TMPA-V6-RT (Figure 9e,g) , and finally by TMPA-V6 (Figure 9a,c) . Moreover, the variability of the linear determination coefficients estimated for the TMPA-V7 (Figure 9j ) and TMPA-V7-RT (Figure 9n ), in the different morphological subdivisions, is larger than the variability for the other two products TMPA-V6 (Figure 9c ) and TMPA-V6-RT (Figure 9f ) and in particular they are inversely correlated with the linear model coefficients (Figure 9i,m) . For all the satellite products, the power-law regression models provided the best fitting performance (i.e., the power-law correlation values in Figure 9d ,h,i,p are higher than the linear correlation ones in Figure 9b ,f,j,n).
The results indicate that for the new TMPA products, the larger the underestimation of the VRF data, the larger the variability in the linear model estimation (i.e., the box plots in the linear correlation plots associated with the highest linear coefficients are larger compared to those relative to old TMPA V6 products). These finding have a direct impact on the use of TMPA products in the analysis of rainfall triggering mechanisms and in landslide prediction models. For instance, TMPA rainfall estimates cannot be used directly in landslide early warning systems unless a correct local scaling of the satellite estimates is performed due to the significant differences that may result in the empirical rainfall thresholds [6, 7, 12] .
We further analyzed the statistical distribution of satellite and rain gauge 72-h cumulative rainfall data using non-parametric (HDE, KDE) and parametric (MLE) estimation methods (Section 2.3.2). Empirical frequency distributions (Figure 10 ) of the logarithm of the VRF and TMPA data (obtained using histogram density estimation methods points in Figure 10 ) are different, as shown by the difference in the modes (most frequent rainfall values) and by the different distribution tails. Similar differences can be observed by analyzing the probability densities of the logarithm of VRF and TMPA rainfall data calculated using the KDE method (lines in Figure 10 ). All the satellite products show single modal values, except for TMPA-V6-RT (for all the morphological subdivisions) and TMPA-V6 (for SICI and TYRR) that show two modal values or a significant density variation in correspondence of the mode of VRF data. The difference of rain gauge and the satellite empirical frequency distributions is also confirmed by the p-values resulting from the bootstrapped Kolmogorov-Smirnov test (alternative "greater"; Table 5 ), which are all equal to 0, indicating that the distributions of rainfall values of the different satellite products are statistically "greater" than the distribution of the VRF data. This indicates that the CDF of the VRF data lies above (or to the left) of the CDF of the satellite rainfall estimates, or to simplify, the quantile values of VRF data series are lower than those calculated for the satellite estimates series. Even if this seems in conflict with the results of the cumulated rainfall analysis, actually it is not. In fact, this result indicates that in the VRF, low rainfall values are more frequent than in the satellite series, but those values are not necessarily lower than the corresponding satellite ones when the coupling in the cumulated analysis is performed. In all the morphological subdivisions, both the empirical density estimation methods show that the distribution of the TMPA-V6-RT data is the closest to characterizing the VRF data, having the closest mode ( Figure 10 ). This is also confirmed by the lower values of the D+ statistics of the bootstrapped Kolmogorov-Smirnov test (alternative greater) associated with the TMPA-V6-RT product in Table 5 . In particular, for this satellite product, the closest distribution is that obtained for the lower Apennines (ApeL, Figure 10e ). Observing the D+ statistics values for the other satellite products (Table 5 ) and also their associate empirical densities (Figure 10 ), the distributions going from most to least similar are TMPA-V6-RT, then TMPA-V6, TMPA-V7-RT and TMPA-V7.
Using the MLE, we then estimated exponential model parameters starting from raw cumulative rainfall data series. We use QQ-plots to compare observed and modelled data (Figures 11-15 ) and the bootstrapped Kolmogorov-Smirnov test (hypothesis two-sided, Table 6 ) to evaluate quantitatively how much the exponential distribution is appropriate to describe the different rainfall data series. The p-values of the bootstrapped Kolmogorov-Smirnov test (alternative two-sided; Table 6 ) indicate that the exponential distribution is statistically appropriate just to describe the TMPA-V7 and TMPA-V7-RT estimates in Sicily (Sici). However, if we look in detail the D statistics values (measuring the max difference between the observed and modelled CDFs) and the distances of quantile curves from the bisecting lines in the QQ-plots, the modelled exponential distributions obtained from the VRF data D statistics values in Table 6 and in Figure 11 are the furthest from the observed ones. The closest modelled distributions to the observed data are shown by the D values in Table 6 and range from best to worst fit for TMPA-V7, TMPA-V7-RT, TMPA-V6, and TMPA-V6-RT. In particular, for the highest values of the TMPA-V6 and the TMPA-V6-RT satellite estimates (Figures 12 and 13) we observe a positive deviation from the QQ-plots bisecting lines, indicating that the exponential distribution tends to increasingly underestimate the higher tails of the rainfall satellite estimates in the different morphological zones. Summarizing this analysis indicates that VRF and TMPA data are fundamentally characterized by different distributions. The satellite rainfall estimates are best described by an exponential distribution, whereas the gauge-based data not. Results are consistent within the different Italian morphological zones.
The comparison of rainfall events identified from VRF and TMPA raw rainfall series using an automatic procedure, with rainfall events associated with landslides (Section 2.4.2) showed that they are characterized by different distributions (Figure 17 ). In fact, the boxplots and ECDF plots in the margins show that the marginal empirical distributions of the cumulative and duration of rainfall events calculated from the VRF (Figure 17a ) and TMPA data (Figure 17b-e) have different shapes. The satellite products tend to not resolve precipitation rainfall events less than 3 h, owing to the sampling resolution of the satellite products, and the cumulative rainfall shows lower total values for the highest duration events. The quantile grids for those data series show larger differences in the central tendency and in the dispersion of the cumulative rainfall values with respect to the duration ones. Rainfall events from TMPA-V6 and TMPA-V6-RT data (Figure 17b ,c) are on average shorter and less intense than the other rainfall data (VRF, TMPA-V7, TMPA-V7-RT; Figure 17a,d,e) . Instead, the rainfall events derived from the other satellite products (TMPA-V7, TMPA-V7-RT; Figure 17d ,e) are slightly less intense than those derived from VRF data (Figure 17a) , as in agreement also with the ED maximum and minimum values in the plots. The data dispersion (quantile grid maximum extent or area) is higher for the rainfall events from VRF data, followed in order by those derived from TMPA-V7-RT, TMPA-V7, TMPA-V6-RT and TMPA-V6 satellite data.
Rainfall events associated with landslides and derived from VRF data (Landslide; Figure 17f ) are comparable with the VRF data in terms of duration but they are much more intense (VRF; Figure 17a ). The lowest dispersion of cumulative rainfall for landslide events indicates that the landslide events are triggered by a certain type of rainfall conditions. Although this is significant, the distributions of landslide rainfall events and of the events derived from VRF data overlap (Landslide and VRF data; Figure 17a,f) . Instead, the overlapping of distributions of landslide rainfall events (Landslide; Figure 17f ) and of rainfall events derived from satellite data (TMPA-V6, TMPA-V6-RT, TMPA-V7, TMPA-V7-RT; Figure 17b -e) is much more limited. It is statistically feasible to expect a similar overlapping when deriving landslide rainfall events from satellite data and it is expected that the distribution of the satellite rainfall events would shift towards lower cumulative rainfall values relative to the events derived from VRF data. On the contrary, this is not the case with satellite data having a larger shift amount depending on the satellite product analyzed. Any type of empirical or calibrated model will be conditioned by this finding. For instance, a landslide rainfall threshold derived from the TMPA satellite estimates should result in lower values than those derived using VRF data in the same area and exploiting the same landslide data [17] . This makes inappropriate using satellite estimates in empirical or calibrated models derived from VRF data.
The analysis of the maps of mean cumulative rainfall (Figure 18a -e), mean rainfall duration (Figure 18f-j) , and mean number of events (Figure 18k ,l-o) of the rainfall events detected by the automatic procedure shows different spatial arrangements and patterns of these variables across the Italian territory. Rainfall events derived from rain gauges are strongly influenced by the morphology (Figure 1a) , with the more intense and longer events occurring mainly in elevated areas (VRF data; Figure 18a ,f). Among the different satellite products, only the TMPA-V6 and TMPA-V6-RT show a dependence from the morphology, and in particular considering the mean duration (Figure 18g,h ) and the mean number (Figure 18l,m) of the events. The mean cumulative of the rainfall events derived from TMPA-V7 and TMPA-V7-RT (Figure 18d ,e) is generally higher than that characterizing the TMPA-V6 and TMPA-V6-RT (Figure 18b ,c) but lower than that derived from VRF data (Figure 18a) , and it is independent (or less conditioned) by the morphology. Interestingly, the mean number of these rainfall events (TMPA-V7 and TMPA-V7-RT; Figure 18n ,o) is inversely correlated with their relative durations (Figure 18i,j) , meaning that in the TMPA-V7 product rainfall events are on average shorter but more numerous than the events in the TMPA-V7-RT product.
These findings again indicate that satellite estimates cannot be applied for use within empirical rainfall thresholds derived from VRF data, or within other calibrated hydrogeological models (i.e., models derived or calibrated using VRF data, unless an appropriate local scaling/tuning (i.e., local analysis of the degree of correlation) of these data is performed. However, the similar ranges in the number and duration of rainfall events identified from rain gauge and satellite data suggest that TMPA products can be used to identify possible triggering rainfall events. Therefore, satellite data may be used to define new rainfall thresholds potentially applicable to the existing landslide early warning systems, or to derive any other type of calibrated model for the analysis of the instability phenomena. In this context, the procedure for rainfall event determination could be a fundamental tool for identifying and analyzing rainfall conditions that trigger landslides when exploiting both rain gauge and satellite rainfall data. The procedure can also be used to decrease the uncertainty related to the heuristic identification of rainfall events associated with landslides [17] .
There are several reasons for why the satellite-based rainfall estimates and gauge data diverge both in the resolution of cumulative rainfall as well as in identifying individual rainfall events. First, the sampling strategy of the TMPA algorithm pulls in different instrument data within a 3-h window to essentially provide an instantaneous "snapshot" of the precipitation over every 0.25 × 0.25 degree pixel. As a result, it is likely that the TMPA products can often miss the peak rainfall occurring within a 3-h window, whereas gauges have a more local and continuous record to record such changes and more accurately characterize total accumulation. The instruments used to create the TMPA dataset also struggle with resolving shallow orographic rainfall, as do most satellite-based rainfall sensors, and as such, these tend to be biased in mountain areas. Lastly, the TRMM satellite, which anchors the TMPA products, only orbits from 35 • N to 35 • S. This means that all of Italy actually falls outside the range of the TRMM satellite. As a result, the TMPA merged product is based on other passive microwave sensors and infrared data that are possibly not as well calibrated for the study area, which includes both complex terrain and land/sea boundaries that complicate and frequently bias the instrument data. The GPM mission, which was launched in February 2014, provides similar instruments to those on board the TRMM satellite but will extend the original latitude orbit range (i.e., 35 • N to 35 • S) to 65 • N to 65 • S. GPM products and particularly the IMERG product [43] will potentially perform better than the TMPA once. Among the other advantages, GPM will provide a coordinated global picture of rain and snowfall information at higher spatial and temporal resolution (30-min, 0.1 • × 0.1 • ). We believe that analyses similar to those applied in this work have to be realized to evaluate the performances and the reliability of this new product (i.e., which algorithms are still susceptible to changes) to estimate the rainfall measured close to ground.
Conclusions
In this work, we have compared rain gauge measurements and satellite estimates from four different TMPA products in Italy, in the period from 1 September 2009 to 31 August 2010. This area, given its morphological and climatological variability and the high frequency of hydrological disasters, was a perfect case study to compare the two rainfall data sources, and to investigate the possible use of satellite data within existing hydrogeological models. This was done considering the entire Italian territory and its different morphological and climatological zones by: (i) analyzing the pairwise correlations among VRF and different TMPA satellite data; (ii) comparing the distributions of all the rainfall datasets using different statistical approaches; and (iii) deriving and analyzing rainfall events from the different sources of rainfall information.
Results show that all satellite products tend to underestimate the rain gauge rainfall. In this sense, the new TMPA products (TMPA-V7 and TMPA-V7-RT) are more efficient in estimating the rainfall close to the ground as measured by rain gauges relative to the TMPA-V6 and TMPA-V6-RT satellite products. Underestimation is higher in elevated areas (like in the Alps and in northern Apennines) rather than in low altitude areas, but results for some morphological subdivisions are not consistent with this finding. Variability in these findings are likely a result of the generalized aggregation procedure applied in this analyses for grouping together the different morphological subdivisions originally identified by Guzzetti and Reichenbach [49] , that does not directly consider important territory characteristics such as relief orientation (aspect) and climatic differences. Power-law and linear models are shown to be useful to correlate the ground and satellite data, with the first having the highest determination coefficients but at the expense of the highest prediction intervals. The degree of correlation between VRF and TMPA data is higher for the more intense rainfall values, which are basically those triggering landslides. Even if the new TMPA products (TMPA-V7 and TMPA-V7-RT) are closer to the VRF data (in particular if one considers the cumulated rainfall data analysis), they exhibit the lowest determination coefficients and the largest estimation variability. This probably will reflect in a simpler scaling/tuning process when using the TMPA-V6 and TMPA-V6-RT, in place of TMPA-V7 and TMPA-V7-RT satellite products.
The results of the statistical distribution within the different morpho-climatic zones show that the VRF and the TMPA data are characterized by different distributions, with the exponential distribution being appropriate just to describe some of the satellite rainfall estimate products (TMPA V7 and TMPA-V7-RT).
Rainfall events derived exploiting an automatic procedure using the different rainfall data types are statistically different, as well as their spatial arrangements and patterns across the Italian territory. The new TMPA products, TMPA-V7 and TMPA-V7-RT, compared to TMPA-V6 and TMPA-V6-RT, failed to capture the dependence/conditioning given by the morphology identified by the VRF data.
In conclusion, a complex relationship exists between rain gauge and the different satellite rainfall data in different morpho-climatic settings characterizing the Italian territory. The study suggests that satellite rainfall estimates from TMPA do not scale consistently with VRF ground measurements and require a detailed local investigation of the degree of correlation. These finding have a direct impact on the use of TRMM products in the analysis of rainfall triggering mechanisms and in the use of this data in landslide prediction models. Hence, satellite rainfall estimates cannot be used directly in empirical or in calibrated hydrogeological models if derived from gauge-based data, unless a correct local scaling of the satellite estimates is performed. Nevertheless, the results suggest that satellite rainfall data can be exploited to investigate the rainfall conditions that can trigger landslides, and other geo-hydrological phenomena or should be calibrated independently against landslide information to determine more appropriate triggering thresholds. In particular, satellite rainfall estimate could be helpful to define empirical rainfall threshold for landslide initiation, or in general for other hydrogeological models to predict instability phenomena over large areas. GPM IMERG products, providing higher spatial and temporal resolution as well as improved accuracy could be exploited to potentially improve on some of the inconsistencies currently observed between satellite-based rainfall estimates and gauge-based products. We believe that when stable version of the IMERG product will be available, the approaches used in this work can be appropriate and useful to evaluate its performances and reliability to estimate the rainfall measured close to the ground.
